Abstract
Introduction
From 2007 to 2010, the national inpatient 30 day post discharge readmission rate remained relatively unchanged and included approximately 18 percent of Medicare patients. Medicare hospital readmissions cost the US taxpayer 15 billion dollars annually [1, 2] . Causes of potentially preventable hospital readmissions have been consistently identified to include premature discharge from the hospital, lack of resources for post discharge treatment, and insufficient provider consultation [3] . Accordingly, unplanned hospital readmissions impose a heavy burden to the US health care system, and serve as an overall indicator of poor quality [4, 5] . As a result, the Centers for Medicare and Medicaid Services (CMS) established a Hospital Readmission Reduction Program that defines a readmission as an admission to the hospital within 30 days post discharge from any hospital [6, 7] . Under reimbursement programs established by CMS in 2012, hospitals with high readmission rates for selected chronic diseases are penalized a percentage of overall reimbursement [8] . In an effort to prevent unwanted and avoidable hospital readmissions, it is first necessary to develop tools for actionable risk assessment and prediction, such that accountable healthcare stakeholders can target resources to those populations likely to yield the most benefit.
Previous studies addressing risk of readmission proposed risk models for specific disease cohorts including heart failure [9] [10] [11] [12] [13] , acute myocardial infarction [13, 14] , and pneumonia [13, 15] , or for specific patient demographics including the elderly [16] , children [17] or veterans [18] . The limitations in these models are apparent when considered across a population that includes all payers, all diseases and all demographics. Many prior studies lacked prospective testing and validation, reporting their performance on retrospective cohorts only [19] . Consequently, current models are of limited use for population health and case management tasked with reducing the readmission rate among the most vulnerable. The variability in research methods and results regarding the development of 30-day readmission risk models supports the need for ongoing development of more robust methods [20] .
The increasing adoption of electronic medical record (EMR) systems and the development of health information exchanges (HIEs) have together facilitated the availability of detailed longitudinal patient medical histories to support the development of new methods to address patient population risk assessment. We have previously applied machine learning approaches to a statewide HIE database to predict emergency department 30 day revisits [21] . Our hypothesis is that population risk assessment can be rendered more accurate and actionable through the novel application of advanced machine learning with detailed and longitudinal clinical records. The specific objective in this study was to develop a model for predicting all-cause inpatient readmission risk in the HIE system within 30 days post discharge. 
Population
We set to develop a 30-day inpatient readmission risk model utilizing all inpatient encounters from the HIE member hospitals. The qualification standard was that the patient should be alive at the time of discharge, and not transferred to another acute care facility within the time frame of the cohort. The number of inpatient encounters in the total population was 211,232 from January 1, 2012 to December 31, 2013.
Data acquisition
An enterprise data warehouse, consisting of the Maine HIE aggregated patient histories, was developed as previously described [21, 22] (See S1 File). A sequential staging data warehouse was utilized to extract, transform and load all EMR data from the HIE system. Data cleaning and integration was applied for handling errors and data quality issues (See S2 File) [23] . Subsequently, an analysis database of all data attributes was built based on the staging database for the machine learning process.
Study design
The 30-day inpatient readmission algorithm was built and validated in two phases (Fig 1) : 1) retrospective modeling, in which the model was trained, calibrated and tested in three separate sub-cohorts to develop a risk scoring readmission metric; 2) prospective analysis, in which the model was validated to gauge its prospective performance, and to reveal high-risk sub-population clustering patterns. R statistical computing software was used for model development and validation.
Cohort construction
There were a total of 74,484 inpatient encounters from January 1, 2012 to December 31, 2012 from 24 independent hospitals employed in the retrospective cohort (S1 Fig, top) . In the prospective analysis phase, a total of 118,951 encounters between January 1, 2013 and December 31, 2013 involving all HIE hospitals were included (S1 Fig, bottom) . The prospective cohort represented independent encounters from the retrospective cohort. Retrospective and prospective patients shared similar demographics (S1 Table) . For patients who had an inpatient encounter, all of the patients' past one-year clinical histories before the discharge date were utilized in the subsequent statistical learning. For exploratory data analysis (S2 Fig), we profiled the retrospective readmissions to establish the prevalence of past one-year inpatient admissions and the presence of chronic disease diagnoses. This analysis showed that the inpatient history and the counts of chronic diseases were strongly associated with the risk of future inpatient readmissions, providing a grouping method to develop four specific models. The four models were developed, calibrated, and validated in parallel in the modeling process based on the four sub-cohorts demonstrated in S1 Fig, which were groups with chronic diseases and inpatient history, with chronic diseases but no inpatient history, with inpatient history but no chronic disease, and with no chronic disease nor inpatient history, respectively.
Pre-processing
Initially, a total of 14,680 features were extracted from the enterprise data warehouse. Considering that some features were redundant or uninformative to the statistical learning, we applied variance minimization criterion [24] to determine the discriminant features. As a result, 2,000 features were selected for risk modeling.
Retrospective cohort subgroups
In the retrospective analysis, HIE patient inpatient encounters were partitioned into two subgroups according to the associated hospital encounters, balancing the monthly inpatient Study design for modeling the risk of an inpatient hospital readmission 30 days post discharge. There were three steps in model development: 1) two independent cohorts were constructed for retrospective modeling and prospective validation; 2) the retrospective cohort was split into two subgroups with each incorporating non-overlapped care facilities. The first subgroup was further split into model training and calibration sub cohorts, and the second subgroup was used as the blind-test cohort; and 3) the model was validated using the prospective cohort. Unsupervised clustering pattern analysis that included demographic and clinical data was performed. The prospectively validated model was then deployed in production to support healthcare quality monitoring and improvement efforts. readmission volume and rate between the two subgroups. The first subgroup of patients was further split into training and calibration sub cohorts. The second subgroup was used as a blind-test sub cohort. Together, the three sub cohorts were utilized for retrospective model development.
Retrospective modeling steps 1) Using the 2,000 qualified features, the number of days post discharge as the time variable, and readmission as the outcome event, we conducted a survival analysis by random forest [25] that represented a forest ensemble learning method trained in a bootstrapping manner.
First, a general technique of bootstrap aggregating (bagging) was applied for building 300 decision trees by repeatedly and randomly resampling the training cohort with replacement, and voting the trees for a consensus prediction. Second, the survival trees were grown based on the randomly selected predictors via Log-rank survival splitting rule on each survival tree node that maximizes survival differences across daughter nodes.
Here, c is the split value for predictor x; d i,j and Y i,j for the node h equal the number of patients that had a readmission event in t i day after discharge and who never come back in t i day after discharge for the daughter nodes j = 1,2. Hence, Y i,1 = #{T l ! t i & x l c} and Y i,2 = # {T l ! t i & x l > c}, where T l is the days for an individual patient l return to a hospital after discharge. The value |F(x, c)| is the measure of node separation, the greater difference between case and control groups and the better the split for the predictor was realized. Therefore, the optimized predictor x Third, an ensemble cumulative hazard estimate by combining information from the survival trees so that each individual will be assigned one estimate.
WhereĤðtjx i Þ is the cumulative hazard estimate computed for terminal node for each predictor x i for individual sample i drop down into in the tree; S(t|x i ) is the survival function expressed as: S(t|x i ) = P(T > t|x i ), with T representing a readmission event happened in T days post discharge.
To derive an individual estimate for all trees, an ensemble average for all tree cumulative hazard estimate score was computed.
Here, b denotes the individual tree and ntree is the number of trees in the survival forest.
2) A calibrating cohort was used to calibrate the predictive scoring thresholdĤ e ðtjx i Þ to create a risk measure of 0-100 for each individual encounter. Applying the model developed with each of the four training sub-cohorts to each encounter in the corresponding calibrating subcohort, the derived cumulative hazard scoreĤ e ðtjx i Þ was ranked. Each of the four sub-cohorts had different scales ofĤ e ðtjx i Þ derived using a separate model, making them not comparable to each other. In order to make the model outcomes from different sub-cohorts comparable to each other, a 0-100 risk measure was derived from the positive predictive values (PPVs) associating with eachĤ e ðtjx i Þ, which provided a universal, standardized measure of readmission risk for all the samples from all sub-cohorts. PPV for each estimate was calculated as the proportion of samples having readmission in a subset of sample havingĤ e ðtjx i Þ higher than that estimate. The mapping function between the risk measure and the cumulative hazard estimateĤ e ðtjx i Þ for each of four sub-cohorts was shown on S3 Fig. The risk measure thus described the probability that a patient will have an inpatient readmission within 30 days post discharge.
Based on the mapping, we defined three risk groups: High (score ! 70), Low (score < 30), and Intermediate (30 score < 70). Our analysis therefore produced two risk measures: a continuous risk score ranging from 0 to 100, and a categorical risk defined by three levels. The former was applied for numerical performance tests while the latter was used for stratified analysis. The thresholds (30 and 70) were chosen arbitrarily.
3) During the first round of the survival analysis, the number of features utilized was 2,000 as selected by variance minimization criterion. In the second round, we initiated modeling by utilizing the top 10 features of computed importance, and then iteratively built models by adding additional features of significance. During iterative modeling, optimum performance was determined for each step according to the sensitivity, specificity and PPV. As a result, 243 features were identified as the best performing features for risk assessment for each patient (Table 1) 
Prospective analysis
The model developed in the retrospective phase was prospectively validated during the 2013 calendar year from the HIE data warehouse. The risk-stratified 30-day readmission statistics as well as the time-to-event curve were used to gauge model performance that was then compared with prior similar model studies [19, [26] [27] [28] . In order to derive a better understanding of the high-risk population's characteristics, we determined patterns of clinical and demographic features by applying an unsupervised learning approach. First, we applied a principal component analysis (PCA) [29] to the selected features of all high-risk encounters identified by our risk prediction model to derive their factor scores, of which the first 2 dimensions were selected to represent each sample. Second, the K-means analysis discovered six clusters in which the patients shared similar 2-dimensional PCA scores. The number of clusters (K = 6) was determined by observing change of the sum of squares of clusters as the number increased. In K-means analysis, the total within-cluster sum of squares (TWSS) was defined as the sum of the sum of squares in every cluster. When K = 1, all samples belonged to the same cluster, thus the TWSS equaled to the variance of the samples. The TWSS monotonically decreased to 0 as K increased to reach its maximum value, i.e. the number of samples, which was over-fitting. We measured the contribution of adding a new cluster as the reduction rate of TWSS:
We determined K to achieve the balance between the over-fitting and variance modeling:
The TWSS and R k with respect to K is shown in S5 Fig. R k reached its peak at K = 6, so K = 6 was selected for our subsequent clustering analysis. The within-cluster sum of squares in clusters #1 to #6 (See S6 Fig) Visualization of the clustering results demonstrated that the 6 clusters represented unique patterns of the corresponding sub-populations within the high-risk patient population.
Results
The model was evaluated on an independent cohort by using the rate of readmissions stratified by the risk level and PPV. The continuous scores measuring the 30-day readmission risk were converted into 10 risk bins ranging from 0-100, with the 30-day readmission rate (i.e. PPV) summarized for each bin (Fig 2) . From the low risk to high-risk groups, both the retrospective and prospective 30-day readmission rates increased almost monotonically, revealing that the risk stratification model provided a reasonable measure of 30-day readmission probability. The average 30-day readmission rates in low (score of 0-30), intermediate (score of 30-70) and high (score of 70-100) risk partitions were 8.67%, 24.10% and 74.10%, respectively. A 20% less readmission rate was found in the high-risk cohort comparing prospective to retrospective modeling periods, however the model maintained an impressive call rate identifying 74.10% of hospital readmissions in the high-risk group during prospective testing. The rate of readmission increased significantly with rising computed level of risk indicating the effectiveness of the model and case finding methodology.
The time-to-event curves measuring the patient readmission free rate within 30 days after discharge (Fig 3) demonstrated that the readmission rate for high-risk patients was significantly higher at the same time point, compared with the rates for intermediate or low risk patients. The figure also showed that more than 50% of readmitted patients experienced readmission within 15 days post discharge in each risk level.
In order to explore the high-risk population for common clinical patterns, unsupervised learning of principal component analysis was applied to the prospective cohort. Six distinct patient subgroups were identified with the following characteristics ( S6 Fig): 1 ) the largest cluster (#1, n = 1,036 encounters) was mainly occupied by younger patients (age range 0-35 years, 78.2%); 2) the smallest cluster (#6, n = 251 encounters) predominantly included senior patients (age range 65+ years, 96.1%); 3) most of the high-risk patients had one or more chronic disease diagnoses (89.8% and 62.3% in clusters #2 and #3, and 100% in clusters #4, #5 and #6, except in cluster #1 (59.9% with no chronic disease). The clinical pattern identification of these high-risk patients may allow providers and care managers to apply more targeted interventions to reduce the risk of readmission. We compared our model to previous studies on 30-day readmission risk prediction ( Table 2) . The patient demographics, sample size, and model performance are illustrated in the table. Unlike many previous studies that focused on specific age, disease or payer groups from one or several care facilities, our study targeted a statewide population that included all HIE member hospitals, and all HIE patients with an acute care admission. The c-statistics of our predictive model were 0.86 for the retrospective cohort and 0.72 with the prospective cohort (S7 Fig), performing as well or better than similar studies that focused on specific patient groups. These findings demonstrate that comprehensive clinical data analysis can yield whole population models for risk assessment that are uniform and do not require a priori patient cohorting by chronic disease or other qualifiers.
By integrating our algorithm into a HIE-supported online platform, patient risk scores can be updated on a daily basis for the population in Maine. Fig 4 shows the platform visualization where 30-day readmission risk screening was displayed for Jan 28, 2015, for all inpatients discharged within the previous 30 days. Additionally, statistics for the demographic and payer mix of the population were summarized on the dashboard.
Discussion
Leveraging the vast number of EMR clinical features and encounters in the Maine HIE data warehouse, we developed and tested a clinical algorithm to predict the risk of readmission within 30 days post discharge for inpatients across the entire state population. Through the profiling of the comprehensive longitudinal clinical histories, the developed model and the derived risk scores facilitated active high-risk case finding and risk stratification of the patient population in Maine. The risk predictive analytics (prospective c-statistic: 0.72) for the entire population outperformed the results of prior specific patient cohort based studies [19, [26] [27] [28] [30] [31] [32] [33] [34] [35] [36] . The results of the prospective validation analysis demonstrate the robust reproducibility of our methods for the derivation of reliable risk assessment. Taken together, these results support the hypothesis that a 30-day readmission event, regardless of patient demographics and clinical conditions, can be accurately determined using the clinical data managed in a statewide HIE database. A couple of limitations of this study were noticed. There was a drop in model accuracy from the retrospective to prospective analysis (Figs 2 and 3) . It is to be expected, due to over fitting, that our model will perform less well on the prospective data set than on the retrospective data set used for fitting. To avoid over fitting, we sub-divided the retrospective training set into training and calibrating sets, which can indicate when further training is not resulting in better generalization. It is possible that our prospective cohort, even with the similar demographics profiles as the retrospective one (S1 Table) , had evolving clinical profiles, leading to differentiated feature networks driving the readmission to cause prospective performance degradation in risk prediction. Therefore, predictive analytics errors, when applied as a decision-assisting tool in clinical sites, would result in inappropriate post-discharge plans. To overcome over fitting and longitudinal data evolving issues, the data quality and integrity would be closed monitored and the model would be re-trained periodically with new data contents and newly-added attributes. In addition, care providers' feedback will be collected to identify the performance variations as a function of the longitudinal time frame and geographic locations. These multifaceted efforts should enhance our knowledge base and help to identify more genuine clinical drivers of readmission that would not be explicitly revealed in the EMR data mining process. Another limitation was that while HIE data represents an ideal source of community-wide/ regional patient data, operational HIEs are not present in all States. Although the samples collected from the HIE for our study were with all ages, all payers and all diseases in Maine State, they may have an unexpected bias and may not exactly match the nationwide population characteristics and hospital visit trends. After overcoming these limitations, our predictive model will be improved with a broader applicability in health care globally.
The 30-day readmission rate is a useful indicator of increased risks of adverse outcomes [37] . Evidence suggests that well-organized post-discharge interventions targeting high-risk patients can result in a decreased rate of readmissions and therefore significant cost savings [38, 39] . However, most current risk assessment tools are not automated and require manual collection of data elements for analysis. Moreover, most current approaches to high-risk assessments are not done in real time. Through the integration of our case finding algorithms into a statewide HIE, scores were produced (Fig 4) on any patient upon admission and updated daily. Along with the risk scores, providers can develop, in real time, evidence based intervention plans that may benefit the patient in their post discharge care: these include interventions identified by the Project Boost effort. Project Boost (Better Outcomes for Older adults through Safe Transitions) effort is a mentored implementation program to improve the care of patients as they transition from hospital to home, by identifying patients with a high risk of readmission and offering targeted specific interventions to reduce the adverse outcomes and 30-day readmission rates. Studies showed that readmissions were decreased dramatically in hospitals where Project Boost tool was implemented [40, 41] . Based on Project Boost guidelines, patients with multiple complex medications (clusters #2-6) will benefit from interventions that eliminate unnecessary medications and improve medication compliance; older adults (clusters #3, 4, and 6) will benefit from home services and follow-up calls; and patients that have multiple chronic diseases (clusters #4-6) will benefit from education to understand their specific care goals and the signals to understand if these goals are met. These interventions, guided by our automated risk measures, can help clinicians spend more time applying targeted care to the appropriate patients and less time performing manual risk assessments. We believe that the real time, automated availability of risk assessment in tandem with personalized evidence based interventions will facilitate timely post-discharge planning that will lead to the avoidance of unwanted readmissions and increased costs. The utilization of this type of dynamic risk assessment will further facilitate the ongoing calibration of population risk assessment as postdischarge planning and case management interventions are formulated and tested.
The unsupervised learning of the high-risk patients' profiles resulted in several data driven clusters with similar patterns. Not surprisingly, the incidence and types of chronic diseases within the high-risk population were two of the primary drivers of high-risk that were similar among sub-groups. Perhaps surprisingly, the largest overall sub-group was comprised of mostly younger adults without chronic disease. Observations such as these suggest that a one size fits all approach to case management targeting the avoidance of readmission is likely insufficient as each of these sub-groups have unique characteristics that suggest unique post-discharge needs. It is intriguing to speculate that this type of analysis could be used for a more personalized or precise approach to readmission prevention that would be amenable to ongoing adjustment and adaptation according to ongoing success and failures to prevent readmission. Since the risk assessment was successfully deployed within the HIE and is made available on a real time basis, the operational advantage of the presented tool will allow each planned discharge to be carefully evaluated to determine the necessity of continued hospitalization, balanced against the cost of a possible readmission. Accordingly, real time operational solutions such as those presented here are a necessary step in improving patient care.
Conclusion
A risk assessment tool for predicting 30-day hospital readmissions was successfully developed, tested and deployed as a component of a real time HIE analytic platform. The advantages of the current tool include the prospective validation on a patient population that includes all payers, all diseases and all age groups. The identification of high-risk patients in real time can act as an early warning system that can drive timely care interventions, reduce readmissions, provide for safer transitions of care, and lower costs. 
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